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 aBStraCt 
 This study investigated the imputation accuracy 
of different methods, considering both the minor al-
lele frequency and relatedness between individuals in 
the reference and test data sets. Two data sets from 
the combined population of Swedish and Finnish Red 
Cattle were used to test the influence of these factors 
on the accuracy of imputation. Data set 1 consisted of 
2,931 reference bulls and 971 test bulls, and was used 
for validation of imputation from 3,000 markers (3K) to 
54,000 markers (54K). Data set 2 contained 341 bulls in 
the reference set and 117 in the test set, and was used 
for validation of imputation from 54K to high density 
[777,000 markers (777K)]. Both test sets were divided 
into 4 groups according to their relationship to the ref-
erence population. Five imputation methods (Beagle, 
IMPUTE2, findhap, AlphaImpute, and FImpute) were 
used in this study. Imputation accuracy was measured 
as the allele correct rate and correlation between im-
puted and true genotypes. Results demonstrated that 
the accuracy was lower when imputing from 3K to 
54K than from 54K to 777K. Using various imputation 
methods, the allele correct rates varied from 93.5 to 
97.1% when imputing from 3K to 54K, and from 97.1 
to 99.3% when imputing from 54K to 777K; IMPUTE2 
and Beagle resulted in higher accuracies and were more 
robust under various conditions than the other 3 meth-
ods when imputing from 3K to 54K. The accuracy of 
imputation using FImpute was similar to those results 
from Beagle and IMPUTE2 when imputing from 54K 
to high density, and higher than the remaining 2 meth-
ods. The results also showed that a closer relationship 
between test set and reference set led to a higher ac-
curacy for all the methods. In addition, the correct rate 
was higher when the minor allele frequency was lower, 
whereas the correlation coefficient was lower when the 
minor allele frequency was lower. The results indicate 
that Beagle and IMPUTE2 provide the most robust 
and accurate imputation accuracies, but considering 
computing time and memory usage, FImpute is another 
alternative method. 
 Key words:   imputation ,  relationship ,  minor allele 
frequency 
 IntrODuCtIOn 
 Analyses based on genomic data such as genomic 
selection (GS) and genome-wide association study 
(GWAS) has been widely used in cattle breeding. Both 
GS and GWAS require a large number of individuals to 
be genotyped with a large number of markers spread 
along the genome such as SNP markers (Meuwissen et 
al., 2001; MacLeod et al., 2010). One of the factors af-
fecting the accuracy of genomic prediction and GWAS 
is the density of SNP markers (Habier et al., 2009; 
Meuwissen, 2009). In principle, higher density should 
lead to better prediction and more accurate QTL map-
ping, because of stronger linkage disequilibrium (LD) 
between markers and causative mutations. However, 
higher density of markers also means higher cost of 
genotyping. 
 Currently, the Illumina BovineSNP50 BeadChip (Il-
lumina Inc., San Diego, CA; Matukumalli et al., 2009) 
has been widely used for genomic prediction in dairy 
cattle (Hayes et al., 2009; Su et al., 2010; VanRaden 
and Sullivan, 2010; Lund et al., 2011). However, 
some countries have genotyped several bulls with the 
777,000-marker (777K; high-density, HD) chip with 
the intention of increasing the accuracy of genomic 
prediction, especially for genomic prediction across 
breeds. Higher density increases the persistence of the 
LD phase among populations, which is more beneficial 
for genomic prediction across populations than within 
population (Su et al., 2012). In addition, it has been pro-
posed to genotype more individuals with a low-density 
chip (e.g., Bovine3K with 2,900 markers or BovineLD 
with 6,909 markers; Illumina Inc.) to increase the selec-
tion intensity at low cost (Boichard et al., 2012; Wig-
gans et al., 2012). When different SNP chips are used 
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in genomic selection, imputation of missing genotypes 
is an important approach to make efficient use of all 
available marker data. Imputation is also necessary for 
GS or GWAS using joint reference data from exchange 
of genotypes between countries, where different chips 
are used for genotyping animals. Even for marker data 
from the same chip, imputation is useful for increasing 
the call rate of genotyped animals.
Various methods have been developed for imputa-
tion of missing genotypes. Some methods use pedigree 
information, whereas others do not. For example, Al-
phaImpute (Hickey et al., 2012b), FImpute (Sargolzaei 
et al., 2011), and findhap (VanRaden et al., 2011) use 
pedigree information, although pedigree information is 
not compulsory for FImpute. These methods were de-
veloped for animals and plants, as they can efficiently 
use complex pedigrees. Beagle (Browning and Brown-
ing, 2009) and IMPUTE2 (Howie et al., 2009), which 
were developed for human genetics, usually do not use 
pedigree information for imputation of marker data of 
livestock.
Imputation of missing marker genotypes is based on 
available marker data from a given population. The 
population structure and frequencies of marker geno-
types in the given population have an influence on the 
imputation accuracy (Druet et al., 2010; Dassonneville 
et al., 2011; Hickey et al., 2012a). Because of differences 
in algorithms and different uses of information sources, 
the superiority of various imputation methods may dif-
fer in different imputation scenarios. Therefore, it is 
necessary to find the optimal imputation method and 
strategy to be used in the population of interest.
It has been reported that genetic variants with low 
frequency play a very important role in complex traits 
and may have larger effects than the common variants 
(Manolio et al., 2009). Therefore, it is necessary to in-
vestigate the efficiency of imputing markers with low 
minor allele frequency (MAF).
Although several studies have already been done on 
imputation of missing genotypes, most of these stud-
ies dealt with imputation methods and relationships 
between genotyped animals for imputation from a 
low-density panel to the 54,000-marker (54K) panel. 
It is necessary to compare imputation accuracy in 
relation to imputation methods, relationship between 
genotyped animals, marker densities, and marker MAF 
simultaneously in a given population. A simultaneous 
comparison is important for assessing the effect of each 
single factor and the combined effect of many factors 
on the accuracy of imputation.
The objectives of this study were 4-fold: (1) validat-
ing the accuracy of imputation from 3,000 markers 
(3K) to 54K and from 54K to HD using different meth-
ods in a combined population of Swedish and Finnish 
Red Cattle, (2) exploring the effect of the relationship 
between reference and test sets on imputation accuracy, 
(3) comparing the sensitivity of different imputation 
methods with the relatedness between reference and 
test population, and (4) investigating the efficiency of 
imputation for markers with low MAF.
materIaLS anD metHODS
Data
Two data sets composed of bulls from Swedish and 
Finnish Red populations were used to validate impu-
tation procedures in this study. These 2 populations 
have strong genetic links due to some bulls in common 
use (Brøndum et al., 2011). Data set 1 consisted of 
3,902 bulls (born between 1960 and 2006) genotyped 
with the Illumina BovineSNP50 BeadChip (54K). 
There were 3,893 animals with both parents, 7 animals 
without dam, and 2 animals without any parent in the 
pedigree. Data set 2 contained a subset of data set 1, 
with 458 bulls (born between 1960 and 2005) that were 
genotyped with both the Illumina BovineHD BeadChip 
(777K; HD; Illumina Inc.) and the 54K chip. In this 
data set, 450 animals had both parents, 6 animals had 
no dam, and 2 animals had neither sire nor dam in the 
pedigree.
Two imputation scenarios with regard to marker den-
sity were investigated in this study. One was imputation 
from 3K to 54K, and the other was imputation from 
54K to HD. In the validation of imputation from 3K to 
54K, bulls in data set 1 were divided into a reference 
population and a test population by birth date so that 
reference bulls were born before October 1, 2001. For 
the test population, 3K marker data were derived from 
the 54K data by masking the markers that were not on 
the Illumina Bovine3K BeadChip. In the validation of 
imputation from 54K to HD, bulls in data set 2 were 
divided into a reference and a test population. The 
test population comprised 117 bulls born after April 
1, 1999, and their 54K marker genotypes were used as 
test data. Furthermore, markers that were in the 54K 
chip but not in the HD map were excluded from the 
test data.
For all data sets, monomorphic markers were deleted. 
Minor allele frequencies and deviation from Hardy-
Weinberg equilibrium were not used for editing marker 
data because markers with low MAF and deviation 
from Hardy-Weinberg equilibrium may be meaning-
ful in genomic selection and GWAS, and one of our 
objectives was to compare imputation accuracy for 
the markers with different MAF. In addition, markers 
on the X chromosome were excluded, because no link 
between sire and son for markers on the X chromosome 
4668 Ma ET al.
Journal of Dairy Science Vol. 96 No. 7, 2013
may influence imputation accuracy differently when 
using different imputation methods. After filtering, in 
data set 1, 45,418 markers were available in the 54K 
data and 2,657 in the mimicked 3K chip. And in data 
set 2, 641,466 markers were available in the HD data 
and 41,383 in the 54K test data.
To investigate the effects of relationship between 
reference population and test population on imputa-
tion accuracy, the test populations were divided into 
4 groups: (1) both the sire and maternal grandsire 
(MGS) of the bulls were in the reference population 
(GRPsmgs), (2) only the sire was in the reference popu-
lation (GRPsire), (3) only the MGS was in the refer-
ence population (GRPmgs), and (4) neither the sire nor 
the MGS was in the reference population (GRPnone). 
To make the number of animals in each group even, 14 
bulls in the reference population were removed from the 
54K reference data, and 8 bulls were excluded from the 
HD reference data to eliminate genetic links with some 
animals in the test set. This was done by an iterative 
procedure that minimized the difference between the 
sizes of the 4 groups and the number of bulls to be 
deleted. In each iteration, a chi-squared value for each 
sire or MGS in the reference population at the current 
stage was calculated according to observed number and 
expected number (total number of test animals divided 
by 4), given that this sire or MGS was excluded from 
the reference population. Then, the sire or MGS with 
the lowest chi-squared value was deleted from the refer-
ence population. The iteration procedure was repeated 
until a minimum chi-squared value was achieved. The 
number of animals in each test group before and after 
deleting the animals from the reference is shown in 
Table 1.
Imputation
Missing marker genotypes were imputed using Beagle 
version 3.3.1 (Browning and Browning, 2009), findhap 
version 2 (VanRaden et al., 2011), FImpute version 
2.2 (Sargolzaei et al., 2011), AlphaImpute version 1.16 
(Hickey et al., 2012b), and IMPUTE2 version 2.2.2 
(Howie et al., 2009). Beagle (Browning and Browning, 
2007) uses a hidden Markov model to predict the miss-
ing genotypes. A direct acyclic graph is constructed 
by summarizing haplotypes in the reference population. 
The program findhap (VanRaden et al., 2011) uses both 
family and population information. The haplotype li-
brary, which is sorted by frequency, is constructed with 
a certain number of SNP in the reference population. 
The haplotypes in the test population are searched in 
the haplotype library. FImpute (Sargolzaei et al., 2011) 
uses 3 steps to impute the missing genotypes. First, 
pedigree information is used to impute the missing gen-
otypes that can be inferred with high certainty. Second, 
haplotypes are constructed with population information 
based on a sliding window approach. Third, the miss-
ing genotypes are filled in according to the haplotypes 
constructed in the second step. AlphaImpute (Hickey 
et al., 2012b) uses segregation analysis and haplotype 
library imputation. The allele probabilities are calcu-
lated using segregation analysis. The genotypes in all 
genotyped animals are phased using long-range phasing 
and haplotype library imputation. The missing geno-
types are filled in by matching the allelic probabilities 
to the haplotypes. The program IMPUTE2 (Howie 
et al., 2009) uses a hidden Markov model to model 
the haplotypes underlying genotypes to mosaic blocks 
in the reference panel, and then imputes the missing 
Table 1. The number of bulls in each group of test bulls before and after deleting sires or maternal grandsires 
in the reference set to balance the numbers of test groups1 
Group
3K to 54K 54K to HD
No. of bulls
No. of  
markers
No. of bulls
No. of  
markersBefore After Before After
Reference 2,945 2,931 45,418 349 341 641,466
Test2 977 2,657 117 41,383
 GRPsmgs 825 245 85 31
 GRPsire 50 249 14 30
 GRPmgs 74 239 16 28
 GRPnone 22 244 2 28
Total 3,902 458
13K = 3,000 markers (Illumina Bovine3K BeadChip; Illumina Inc., San Diego, CA); 54K = 54,000 markers 
(Illumina BovineSNP50 BeadChip; Illumina Inc.); HD = high density [777,000 markers (777K); Illumina 
BovineHD BeadChip; Illumina Inc.].
2The test population was divided into 4 groups according to whether their sire and (or) maternal grandsire 
(MGS) were in the reference population. GRPsmgs = both sire and MGS; GRPsire = only sire; GRPmgs = 
only MGS; GRPnone = neither sire nor MGS.
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genotypes in the test panel by choosing the most simi-
lar subset to the previous haplotype estimates of the 
individual. A detailed description on the algorithms for 
these methods was presented by Sun et al. (2012).
Pedigree information was provided for AlphaImpute, 
findhap, and FImpute. The pedigree was built by trac-
ing the ancestral pedigree of the genotyped bulls back as 
many generations as possible. In total, the numbers of 
individuals were 23,575 in the pedigree file for data set 
1 and 4,266 in the pedigree for data set 2. No pedigree 
was used in Beagle and IMPUTE2, although Beagle 
can use parent-offspring trio or duo information. The 
marker data were divided into single chromosomes, and 
imputation was performed for each chromosome sepa-
rately. When using IMPUTE2, the effective population 
size was set to 100. The whole chromosome was im-
puted directly for data set 1, whereas each chromosome 
was divided into several segments of 6 Mb for data 
set 2, as recommended by the authors of IMPUTE2, 
considering the computational efficiency. When using 
AlphaImpute, editing parameters were set to 95.0, 
5.0, and 98.0. These parameters control the internal 
editing to separate the high-density-group animals and 
low-density-group animals. First, the animals that are 
genotyped for more than 95% of the SNP enter the 
high-density group. Second, the markers in this prese-
lected high-density group are filtered, with a maximum 
missing threshold of 5.0%. Third, the animals that are 
genotyped more than 98.0% for the remaining markers 
in the second step enter the final high-density group. 
The CoreLengths and CoreAndTailLengths param-
eters, which are used to control the number of markers 
in a phasing run, were set to 10 times the default values 
when imputing from 54K to HD. For Beagle, findhap, 
and FImpute, the recommended parameters were used.
The most likely genotypes were used to validate 
the imputation accuracy. It was observed that Beagle, 
FImpute, and IMPUTE2 imputed all the missing geno-
types, and findhap imputed almost all missing geno-
types in the current data. However, there was still a 
large number of missing genotypes (16.9% for data set 
1 and 9.0% for data set 2) after imputation when using 
AlphaImpute. Therefore, the remaining missing geno-
types in the output from AlphaImpute were filled in 
by 2 different methods: (1) replacement with the most 
likely genotypes, which were obtained by rounding the 
expectation E = π0 × 0 + π1 × 1 + π2 × 2, where π0, 
π1, and π2 were the probability of the genotype being 
0, 1, and 2 (representing A1A1, A1A2, and A2A2, respec-
tively)—for example, the most likely genotype was 2 if 
E = 1.85, but 1 if E = 1.35; and (2) further imputation 
using Beagle (AlphaBea).
Validation
Two validation criteria were used to measure the ac-
curacy of imputation in this study. One was the allele 
correct rate (CR), which was calculated as the number 
of correctly imputed alleles divided by the total number 
of imputed alleles in the test data set. The other was 
the correlation coefficient between the original and the 
imputed genotypes, which were recorded as 0, 1, and 2 
for genotypes A1A1, A1A2, and A2A2, respectively. The 
validation was carried out for each group of test bulls 
separately, and the pooled accuracy was calculated us-
ing the whole test data set. The allele CR and correla-
tion coefficient were calculated across all imputed loci. 
In addition, to detect the association between accuracy 
of imputation and MAF, the markers were classified 
into 8 bins according to MAF: [0, 0.025], [0.025, 0.05], 
[0.05, 0.075], [0.075, 0.1], [0.1, 0.2], [0.2, 0.3], [0.3, 0.4], 
and [0.4, 0.5]. The proportion of markers in each bin 
is shown in Table 2. The accuracy of imputation was 
calculated for each bin.
As QTL may tend to be linked with rare alleles 
(Manolio et al., 2009; Hickey et al., 2012a), it is neces-
sary to test the efficiency of imputation for alleles at 
different frequencies. The alleles were divided into 10 
bins, according to their frequency, with an increment of 
0.1. The CR for each of the 2 alleles at a locus was cal-
culated separately. Thus, the CR of an allele at a locus 
was calculated as the proportion of correctly imputed 
allele counts on the total counts of this allele. The CR 
for a bin was the average CR of the alleles in this bin.
An alternative to allele CR was genotype CR. Similar 
to allele CR, which measures how well the alleles are 
imputed, genotype CR measures how well the geno-
types are imputed. Genotype CR was calculated as the 
number of correctly imputed genotypes divided by the 
total number of imputed genotypes in the test data set. 
As the measures of genotype CR was highly consistent 
with allele CR, results of the genotype CR will be pre-
sented only briefly.
Table 2. The proportion of imputed markers in each minor allele 






[0, 0.025] 0.09 0.06
[0.025, 0.05] 0.05 0.04
[0.05, 0.075] 0.05 0.04
[0.075, 0.1] 0.05 0.04
[0.1, 0.2] 0.19 0.17
[0.2, 0.3] 0.19 0.20
[0.3, 0.4] 0.19 0.22
[0.4, 0.5] 0.19 0.23
13K = 3,000 markers (Illumina Bovine3K BeadChip; Illumina Inc., San 
Diego, CA); 54K = 54,000 markers (Illumina BovineSNP50 BeadChip; 
Illumina Inc.); HD = high density [777,000 markers (777K); Illumina 
BovineHD BeadChip; Illumina Inc.].
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Accuracy of Imputation from 3K to 54K
The CR and correlations for imputation from 3K to 
54K are shown in Table 3 and Table 4, respectively. As 
shown in Table 3, the CR of imputation using different 
approaches for the 4 test groups ranged from 91.2 to 
97.8%. According to the CR, the rank of the imputation 
approaches in descending order was IMPUTE2, Beagle, 
FImpute, AlphaBea, and the last were AlphaImpute 
and findhap.
In all approaches, CR increased with increasing re-
latedness between the reference and the test popula-
tion. However, the influence of relatedness on CR was 
more profound for findhap, AlphaImpute, and FImpute 
which used pedigree information. Thus, the difference 
between CR of GRPsmgs and GRPnone was 4.4% for 
findhap, 3.9% for AlphaBea, 3.8% for AlphaImpute, 
3.2% for FImpute, 1.6% for IMPUTE2, and 1.5%for 
Beagle. Moreover, the difference between CR of the 5 
imputation approaches was larger for the animals with-
out close relatives in the reference population than the 
animals with close relatives.
When accuracy of imputation was measured as the 
correlation coefficient between imputed and original 
genotypes, the rank of the imputation approaches was 
almost the same as the rank based on CR (Table 4). 
The only difference was that the correlation for FIm-
pute was lower than for AlphaBea. Moreover, the differ-
ences between the correlation coefficients from different 
imputation approaches were larger than the differences 
between CR. The highest correlation was 0.886 when 
using IMPUTE2 and lowest 0.750 when using findhap 
for GRPsmgs, and 0.853 and 0.656 for GRPnone.
Table 3. Allele correct rate for imputation from 3,000 markers (3K; Illumina Bovine3K BeadChip; Illumina 
Inc., San Diego, CA) to 54,000 markers (54K; Illumina BovineSNP50 BeadChip; Illumina Inc.) 
Test group1
Imputation method2
Beagle findhap AlphaImpute3 AlphaBea4 FImpute IMPUTE2
GPsmgs 96.9 95.6 95.4 96.9 96.6 97.8
GPsire 96.6 95.1 95.0 96.3 96.3 97.5
GPmgs 96.2 92.8 92.9 94.3 94.4 97.0
GRPnone 95.4 91.2 91.7 93.0 93.5 96.2
Pooled 96.3 93.7 93.7 95.1 95.2 97.1
Missing 0 0.08 0 0 0 0
1The test population was divided into 4 groups according to whether their sire and (or) maternal grandsire 
(MGS) were in the reference population. GRPsmgs = both sire and MGS; GRPsire = only sire; GRPmgs = 
only MGS; GRPnone = neither sire nor MGS.
2Imputation methods used: Beagle (Browning and Browning, 2009), findhap (VanRaden et al., 2011), 
AlphaImpute (Hickey et al., 2012b), FImpute (Sargolzaei et al., 2011), and IMPUTE2 (Howie et al., 2009).
3The values were the rounded expected genotypes of AlphaImpute (e.g., the value used for comparison was 2 
when the expected genotype was ≥1.5).
4The missing genotypes after imputed by AlphaImpute were imputed by Beagle.
Table 4. Correlation coefficients for imputation from 3,000 markers (3K; Illumina Bovine3K BeadChip; 
Illumina Inc., San Diego, CA) to 54,000 markers (54K; Illumina BovineSNP50 BeadChip; Illumina Inc.) 
Test group1
Imputation method2
Beagle findhap AlphaImpute3 AlphaBea4 FImpute IMPUTE2
GRPsmgs 0.896 0.835 0.829 0.887 0.866 0.917
GRPsire 0.885 0.811 0.813 0.865 0.855 0.903
GRPmgs 0.867 0.717 0.731 0.792 0.783 0.883
GRPnone 0.832 0.656 0.685 0.739 0.740 0.853
Pooled 0.866 0.750 0.760 0.819 0.807 0.886
1The test population was divided into 4 groups according to whether their sire and (or) maternal grandsire 
(MGS) were in the reference population. GRPsmgs = both sire and MGS; GRPsire = only sire; GRPmgs = 
only MGS; GRPnone = neither sire nor MGS.
2Imputation methods used: Beagle (Browning and Browning, 2009), findhap (VanRaden et al., 2011), 
AlphaImpute (Hickey et al., 2012b), FImpute (Sargolzaei et al., 2011), and IMPUTE2 (Howie et al., 2009).
3The values were the rounded expected genotypes of AlphaImpute (e.g., the value used for comparison was 2 
when the expected genotype was ≥1.5).
4The missing genotypes after imputed by AlphaImpute were imputed by Beagle.
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Accuracy of Imputation from 54K to HD
As shown in Table 5 and Table 6, imputation from 
54K to HD generally gave higher accuracies and smaller 
differences between the approaches, compared with 
imputation from 3K to 54K. In general, the rank of 
the imputation approaches in descending order was 
IMPUTE2, FImpute, Beagle, AlphaBea, findhap, and 
AlphaImpute. The difference using different methods 
was smallest in GRPsmgs (the highest vs. the lowest 
were 99.6% vs. 98.8% in CR, and 0.988 vs. 0.972 in 
correlation), and largest in GRPnone (the highest vs. 
the lowest were 99.0% vs. 97.1% in CR, and 0.975 vs. 
0.909 in correlation).
Similar to imputation from 3K to 54K, relatedness 
between test bulls and reference bulls had an influence 
on the accuracy of imputation, and the influence was 
larger when using findhap and AlphaImpute than when 
using IMPUTE2, FImpute, and Beagle. Comparing 
GRPsmgs with GRPnone, the difference in CR was 3.5, 
3.2, 2.5, 0.7, 0.7, and 0.6% for findhap, AlphaImpute, 
AlphaBea, FImpute, Beagle, and IMPUTE2, respec-
tively.
Effect of MAF on Imputation Accuracy
Figures 1, 2, 3, and 4 present CR and correlation 
coefficients for the 8 bins of markers according to MAF, 
calculated by pooling the data of the 4 test groups. 
Correct rates and correlation coefficients in relation to 
MAF had different patterns. Correct rate was higher 
when MAF was lower (Figures 1 and 3). In contrast, 
Table 5. Allele correct rate for imputation from 54,000 markers (54K; Illumina BovineSNP50 BeadChip; 




Beagle findhap AlphaImpute3 AlphaBea4 FImpute IMPUTE2
GRPsmgs 99.4 99.2 98.8 99.1 99.6 99.6
GRPsire 99.1 98.1 98.1 98.5 99.2 99.3
GRPmgs 99.1 97.7 96.1 97.1 99.2 99.3
GRPnone 98.7 95.7 95.6 96.6 98.9 99.0
Pooled 99.1 97.6 97.1 97.8 99.2 99.3
Missing 0.0 0.0 0 0.0 0.0 0.0
1The test population was divided into 4 groups according to whether their sire and (or) maternal grandsire 
(MGS) were in the reference population. GRPsmgs = both sire and MGS; GRPsire = only sire; GRPmgs = 
only MGS; GRPnone = neither sire nor MGS.
2Imputation methods used: Beagle (Browning and Browning, 2009), findhap (VanRaden et al., 2011), 
AlphaImpute (Hickey et al., 2012b), FImpute (Sargolzaei et al., 2011), and IMPUTE2 (Howie et al., 2009).
3The values were the rounded expected genotypes of AlphaImpute (e.g., the value used for comparison was 2 
when the expected genotype was ≥1.5).
4The missing genotypes after imputed by AlphaImpute were imputed by Beagle.
Table 6. Correlation coefficients for imputation from 54,000 markers (54K; Illumina BovineSNP50 BeadChip; 




Beagle findhap AlphaImpute3 AlphaBea4 FImpute IMPUTE2
GRPsmgs 0.982 0.972 0.963 0.971 0.987 0.988
GRPsire 0.970 0.948 0.941 0.952 0.976 0.978
GRPmgs 0.971 0.925 0.883 0.911 0.973 0.977
GRPnone 0.956 0.892 0.865 0.892 0.962 0.966
Pooled 0.967 0.925 0.909 0.927 0.972 0.975
1The test population was divided into 4 groups according to whether their sire and (or) maternal grandsire 
(MGS) were in the reference population. GRPsmgs = both sire and MGS; GRPsire = only sire; GRPmgs = 
only MGS; GRPnone = neither sire nor MGS.
2Imputation methods used: Beagle (Browning and Browning, 2009), findhap (VanRaden et al., 2011), 
AlphaImpute (Hickey et al., 2012b), FImpute (Sargolzaei et al., 2011), and IMPUTE2 (Howie et al., 2009).
3The values were the rounded expected genotypes of AlphaImpute (e.g., the value used for comparison was 2 
when the expected genotype was ≥1.5).
4The missing genotypes after imputed by AlphaImpute were imputed by Beagle.
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correlation coefficient was lower when MAF was lower 
(Figures 2 and 4).
The trends of CR and correlation coefficient in rela-
tion to MAF were the same for all approaches. How-
ever, the approaches that used pedigree information 
were more sensitive to changes in MAF. In addition, 
the changes of CR and correlation coefficient with 
MAF were larger in imputation from 3K to 54K than 
in imputation from 54K to HD.
Based on the results from imputation using IM-
PUTE2, allele CR for each allele (instead of CR for each 
locus) was calculated separately. As shown in Figure 5, 
CR increased with increasing allele frequency, indicat-
ing that rare alleles were more difficult to impute than 
common alleles.
Genotype Correct Rate
Genotype CR was used as an alternative measure of 
imputation accuracy. It was observed that the geno-
Figure 1. Correct rate in relation to minor allele frequency (MAF) 
for imputation from 3,000 markers (3K; Illumina Bovine3K BeadChip; 
Illumina Inc., San Diego, CA) to 54,000 markers (54K; Illumina 
BovineSNP50 BeadChip; Illumina Inc.) using different imputation 
methods. Imputation methods used: IMPUTE2 (Howie et al., 2009), 
Beagle (Browning and Browning, 2009), findhap (VanRaden et al., 
2011), AlphaImpute (Hickey et al., 2012b), and FImpute (Sargolzaei et 
al., 2011). AlphaBea means that the missing genotypes after imputa-
tion by AlphaImpute were imputed by Beagle.
Figure 2. Correlation in relation to minor allele frequency (MAF) 
for imputation from 3,000 markers (3K; Illumina Bovine3K BeadChip; 
Illumina Inc., San Diego, CA) to 54,000 markers (54K; Illumina 
BovineSNP50 BeadChip; Illumina Inc.) using different imputation 
methods. Imputation methods used: IMPUTE2 (Howie et al., 2009), 
Beagle (Browning and Browning, 2009), findhap (VanRaden et al., 
2011), AlphaImpute (Hickey et al., 2012b), and FImpute (Sargolzaei et 
al., 2011). AlphaBea means that the missing genotypes after imputa-
tion by AlphaImpute were imputed by Beagle.
Figure 3. Correct rate in relation to minor allele frequency (MAF) 
for imputation from 54,000 markers (54K; Illumina BovineSNP50 
BeadChip; Illumina Inc., San Diego, CA) to high density [HD; 777,000 
markers (777K); Illumina BovineHD BeadChip; Illumina Inc.] using 
different imputation methods. Imputation methods used: IMPUTE2 
(Howie et al., 2009), Beagle (Browning and Browning, 2009), findhap 
(VanRaden et al., 2011), AlphaImpute (Hickey et al., 2012b), and 
FImpute (Sargolzaei et al., 2011). AlphaBea means that the missing 
genotypes after imputation by AlphaImpute were imputed by Beagle.
Figure 4. Correlation in relation to minor allele frequency (MAF) 
for imputation from 54,000 markers (54K; Illumina BovineSNP50 
BeadChip; Illumina Inc., San Diego, CA) to high density [HD; 777,000 
markers (777K); Illumina BovineHD BeadChip; Illumina Inc.] using 
different imputation methods. Imputation methods used: IMPUTE2 
(Howie et al., 2009), Beagle (Browning and Browning, 2009), findhap 
(VanRaden et al., 2011), AlphaImpute (Hickey et al., 2012b), and 
FImpute (Sargolzaei et al., 2011). AlphaBea means that the missing 
genotypes after imputation by AlphaImpute were imputed by Beagle.
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type error rate was highly consistent with allele CR. 
In other words, genotype error rate (1 − genotype CR) 
was twice or almost twice as much as allele error rate 
(1 − allele CR) in all scenarios. For example, when us-
ing FImpute for imputation from 3K to 54K, the allele 
correct rate for GRPsmgs was 96.6% and the genotype 
correct rate was 93.3%. The differences between 2 times 
the allele error rate and genotype error rate in relation 
to MAF (2 × allele error rate − genotype error rate) 
are shown in Figure 6. When the MAF became higher, 
the difference became larger. This indicated that the 
probability of imputing a homozygous genotype to the 
other homozygous genotype was higher for markers 
with higher MAF.
Computational Demands
Table 7 presents the time and random access memory 
(RAM) used for imputation on chromosome 1. All the 
jobs were run on a Linux server (http://www.linux.
org/) with an Intel(R) Xeon(R) central processing unit 
(CPU) E5450 (Intel Corp., Santa Clara, CA) at 3.00 
GHz, with a total RAM of 32 GB. One single job was 
run on this server at a given time. In the imputation 
from 3K to 54K, 2,931 bulls were in the reference popu-
lation and 971 in the test population. In the imputa-
tion from 54K to HD, 341 bulls were in the reference 
population and 117 in the test population. In both 
scenarios, AlphaImpute took the longest time and used 
the largest memory (peak memory), whereas findhap 
and FImpute took the shortest time and FImpute also 
used the least memory.
DISCuSSIOn
This study investigated accuracy of imputation using 
different approaches, based on different marker data 
sets from the Finnish and Swedish Red Cattle popula-
tions. The results indicate that the accuracy of imputa-
tion depends on marker density, imputation methods, 
relatedness between test population and reference 
population, and MAF of the markers.
Marker Density
The accuracy of imputation from 54K to HD was 
higher than the accuracy from 3K to 54K. The results 
were consistent with previous studies (Dassonneville et 
al., 2011; Brøndum et al., 2012; Sun et al., 2012). It was 
reported that the error rate (1 − CR) was 5.5% when 
imputing from 3K to 54K in Nordic Holstein (Das-
sonneville et al., 2011) and 0.77% when imputing from 
54K to HD in the same population (Su et al., 2012). 
It was reported that the density of the markers in the 
test panel was an important factor affecting imputation 
accuracy (Hickey et al., 2012a).
According to the results from this study, the 54K 
panel can be accurately imputed to the HD panel. 
Using IMPUTE2, Beagle and FImpute, the CR was 
over 99% in the current population. However, the 
imputation from 3K to 54K panel is not satisfactory. 
The highest CR were 97.1 and 96.3% when using IM-
PUTE2 and Beagle, respectively. It has been reported 
that imputation accuracy has a large influence on the 
reliability of genomic prediction. Brøndum et al. (2011) 
imputed 3K to 54K panel in Nordic Holstein cattle us-
ing a combination of the DagPhase program (Druet and 
Georges, 2010) and Beagle and reported that the error 
rate for the imputation was 3.9%, and the correspond-
ing decrease in reliability of genomic prediction was 
5%. Segelke et al. (2012) used findhap and Beagle to 
impute mimicked 3K genotypes to the 54K SNP panel. 
The error rates of imputation with findhap and Beagle 
Figure 5. Allele correct rate in relation to allele frequency, calcu-
lated from imputation for chromosome 28 using IMPUTE2 (Howie et 
al., 2009). 3K = 3,000 markers (Illumina Bovine3K BeadChip; Illumina 
Inc., San Diego, CA); 54K = 54,000 markers (Illumina BovineSNP50 
BeadChip; Illumina Inc.); HD = high density [777,000 markers (777K); 
Illumina BovineHD BeadChip; Illumina Inc.].
Figure 6. The difference between 2 times the allele error rate and 
genotype error rate in relation to minor allele frequency (MAF; 2 × 
allele error rate − genotype error rate).
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were 3.3 and 1.6%, respectively. The corresponding de-
creases in reliability of genomic prediction (average for 
12 traits) were 5.3 and 2.6%. Based on results by the 2 
previously mentioned studies, Su et al. (2012) declared 
that per 1% of imputation allele error rate the resulting 
loss in reliability of genomic prediction was 1.3 percent-
age points. Mulder et al. (2012) derived the relation-
ship between the imputation accuracy (measured as 
correlation) and the accuracy of direct genomic value, 
and investigated it empirically. Their results showed 
the accuracy of direct genomic value was increased lin-
early with imputation accuracy. The above information 
suggests that the 3K chip is not the optimal in the 
current population (a mixture of Finnish Red popula-
tion and Swedish Red population). Alternatively, a new 
low-density chip [BovineLD; ~7,000 markers (7K)] was 
assessed and reported to give better accuracy (Boich-
ard et al., 2012; Dassonneville et al., 2012) than the 3K 
chip. Therefore, it may be a good choice to use the 7K 
chip in this population.
Imputation Methods
Five imputation methods were used in this study. 
Methods IMPUTE2 and Beagle do not use and require 
pedigree information explicitly but the 2 methods are 
actually able to use family information. The individu-
als in the test data should share longer segment with 
a recent ancestor in the reference data when using 
Beagle (Browning and Browning, 2009). Method IM-
PUTE2 uses surrogate family information based on 
the genomic information (Howie et al., 2011). It was 
found that IMPUTE2 and Beagle performed better in 
both data sets from the current population. Method 
FImpute performed as well as IMPUTE2 and Beagle 
in imputation from 54K to HD but not in imputation 
from 3K to 54K. The results were not consistent with 
those reported in the study of Johnston et al. (2011), 
where FImpute outperformed Beagle for the imputa-
tion from 3K to 54K in a Holstein population and a 
Brown Swiss population. One possible reason could be 
that the present population was a combination of 2 Red 
cattle populations. However, a previous study showed 
a strong genetic link between Finish and Swedish Red 
populations (Brøndum et al., 2011) and combined Fin-
ish and Swedish Red reference improved the imputation 
accuracy for imputation from 54K to HD using Beagle 
(Brøndum et al., 2012).The other reason could be that 
the relationship between individuals was stronger and 
the number of genotyped animals was much larger in 
their population than in the present population, and 
their genotyped animals included females. In a previous 
study (Sun et al., 2012) on imputation in Angus cattle, 
it was reported that Beagle performed best for imputa-
tion from 5K to 50K. However, contrary to the present 
study, IMPUTE2 performed worse than FImpute and 
findhap. The reason could be that each chromosome 
was split into several segments when using IMPUTE2 
in their study, whereas the whole chromosome was used 
for imputation from 3K to 54K in the present study. 
When splitting a chromosome into several segments, 
the LD information between these segments cannot 
be used for imputation; consequently, the accuracy 
of imputation decreases. Splitting a chromosome into 
several segments is usually applied in imputation of 
high-density markers to avoid a high computational 
demand.
As a whole, IMPUTE2 and Beagle performed better 
than the other methods for imputation from 3K to 54K 
in the current population, and FImpute performed as 
Table 7. Time and memory used for imputation on chromosome 1 
Imputation method1
3K to 54K2 54K to HD3
Time Memory (kB) Time Memory (kB)
Beagle 7 h, 19 m, 30 s 4,849,076 39 m, 42 s 1,959,832
findhap 1 m, 45 s 190,896 1 m, 24 s 426,264
AlphaImpute 21 h, 20 m, 55 s 10,490,548 22 h, 37 m, 32 s 15,524,772
FImpute 1 m, 51 s 44,544 1 m, 48 s 80,096
IMPUTE2 8 h, 19 m, 2 s4 274,880 9 h, 01 m, 19 s5 88,052
1Imputation methods used: Beagle (Browning and Browning, 2009), findhap (VanRaden et al., 2011), 
AlphaImpute (Hickey et al., 2012b), FImpute (Sargolzaei et al., 2011), and IMPUTE2 (Howie et al., 2009).
23K = 3,000 markers (Illumina Bovine3K BeadChip; Illumina Inc., San Diego, CA); 54K = 54,000 markers 
(Illumina BovineSNP50 BeadChip; Illumina Inc.). Number of bulls in the reference = 2,931; number of bulls 
in the test = 971.
3HD = high density [777,000 markers (777K); Illumina BovineHD BeadChip; Illumina Inc.]. Number of bulls 
in the reference = 341; number of bulls in the test = 117.
4The whole chromosome was imputed as 1 segment.
5The chromosome was divided into 27 segments by the interval of 6 MB. This time was the sum of all the 27 
segments.
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well as IMPUTE2 and Beagle for imputation from 54K 
to HD, but used much less time. The disadvantage of 
IMPUTE2 and Beagle is long running time and large 
memory usage. The running time will become a very 
important issue with more and more animals being gen-
otyped in the future. In practical genomic evaluation, 
it could be a feasible approach to store the established 
haplotypes for imputing new marker data, and update 
the haplotypes once per year. An additional trial showed 
that the running time for Beagle was almost halved 
when imputing 54K to HD based on previously phased 
HD haplotypes. It was reported that the running time 
was reduced from 31 h to less than 1 h with only a 0.01 
loss in the accuracy with prephased haplotypes for im-
putation of the test samples using IMPUTE2 (Howie et 
al., 2012). Nevertheless, FImpute seems a good choice 
for imputation from 54K to HD, considering both im-
putation accuracy and computational demand, as both 
the reference and test populations could be simultane-
ously updated in a dairy cattle population.
When imputing from 3K to 54K, findhap, AlphaIm-
pute, and FImpute obtained lower accuracies than 
IMPUTE2 and Beagle, although these 3 methods also 
used the available pedigree information. The possible 
reasons could be as follows: (1) they did not use the 
population information for imputation as efficiently as 
IMPUTE2 and Beagle did, (2) the family information 
was weaker in this study because no genotyped dams 
were used (in fact, only 0.041% missing genotypes were 
imputed in the family step when using FImpute for 
imputation from 3K to 54K), or (3) the population 
was an admixture population that combined Swedish 
Red and Finish Red. On the other hand, these methods 
have the advantage that they can impute genotypes 
for nongenotyped individuals that are strongly related 
to genotyped individuals. This can be used for imput-
ing genotypes of old but important bulls where DNA 
material is not available. An important advantage of 
FImpute and findhap is also their low computational 
demand. This is very attractive when large numbers of 
females and bull calves are genotyped at lower density.
Influence of Relatedness Between Test  
and Reference Animals on Imputation Accuracy
The relationship between test animals and reference 
animals affected the accuracy of imputation for all 
methods. Similar results have been reported in previous 
studies (Druet et al., 2010; Hickey et al., 2012a; Mulder 
et al., 2012). The relatedness reflects the probability 
of chromosome segments shared between reference and 
test animals. When the relatedness is stronger, the 
individuals have a greater probability of sharing more 
and longer haplotypes. As a result, the imputation of 
missing genotypes is more accurate. It was found that 
the methods that used pedigree information were more 
sensitive to the relationship between test and reference 
individuals than IMPUTE2 and Beagle. This indicates 
that different methods use family information and 
population information in different ways, and the supe-
riority of different methods may depend on population 
structure and on the relatedness between the animals 
genotyped with different chips. In most countries, the 
sire and MGS of all new candidates are already geno-
typed. For the animals with both their sire and MGS 
in the reference population, the difference between 
imputation accuracies using different methods was rela-
tively small, but IMPUTE2, BEAGLE, and FImpute 
still performed better than findhap and AlphaImpute. 
Furthermore, many countries have started to genotype 
some females. Including genotyped dams in the refer-
ence is expected to further improve the imputation 
accuracy.
Imputation Accuracy Versus MAF
Allele CR and correlation coefficients were used to 
measure the accuracy of imputation. The 2 measures 
rank methods in the same order in relation to impu-
tation accuracy across all markers. However, in the 
comparison of imputation accuracies for markers with 
different MAF, the 2 measures showed opposite pat-
terns. When MAF was low, the CR was high, whereas 
the correlation coefficient was low. The conflicting pat-
terns are determined by the features of the 2 measures. 
Allele CR does not consider correct filling by chance, 
which is favorable for markers with low MAF. For ex-
ample, given a marker with MAF of 0.01, the marker 
can get a CR of 99% by chance (e.g., just by simply re-
placing the missing allele types with the major allele). 
On the contrary, the correlation coefficient is greatly 
influenced by extreme values. A few imputation errors 
for a marker with low MAF can greatly reduce the cor-
relation coefficient for this marker. For example, given 
a CR of 95% for each genotype (AA, AB, and BB), 
the correlation coefficient is 0.802 for a marker with 
MAF of 0.05, but 0.960 for a marker with MAF of 0.40. 
In other words, the correlation is better at capturing 
the difference between imputation accuracy and correct 
filling by chance, which is important for estimation of 
imputation accuracy for markers with low MAF. It ap-
pears that compared with the allele CR, the correlation 
coefficient better captures the differences of different 
methods and is also more appropriate when comparing 
the efficiency of imputing markers with low MAF. In 
this study, it was found that different imputation ap-
proaches had different sensitivity to MAF. Method IM-
PUTE2 showed the smallest changes with the change 
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in MAF, followed by Beagle. This indicates that these 
2 methods are more robust and better for imputation of 
missing genotypes at marker loci with low MAF.
It was found that the allele CR was lower for im-
putation of rare alleles than for common alleles. For a 
marker with low MAF, although the CR in this locus 
could be high, the CR for the minor allele could be low. 
This would greatly reduce the power to detect QTL as 
the rare alleles may play an important role in complex 
traits (Manolio et al., 2009). Therefore, for GWAS, 
the efficiency of imputing markers with low MAF is 
important.
COnCLuSIOnS
Methods IMPUTE2 and Beagle are accurate and 
robust methods for imputing missing markers for 
individuals genotyped with various SNP chips in an 
admixed population without genotyped dams. The 2 
methods were superior to findhap, FImpute, and Al-
phaImpute for imputation from 3K to 54K, because 
they (1) give higher overall accuracy, (2) use population 
LD information efficiently to impute markers for indi-
viduals without close relatives in the reference popu-
lation. However, FImpute could be a good choice for 
imputation from 54K to HD, based on both imputation 
accuracy and computational demand. The 54K panel 
can be accurately imputed to the HD panel. On the 
other hand, the 3K panel is not dense enough to be 
imputed to the 54K panel with satisfactory accuracy in 
the Swedish and Finnish Red population. A denser chip 
(e.g., BovineLD; ~7K) should be considered. Related-
ness between test animals and reference animals has 
a substantial influence on imputation accuracy, but is 
more profound when using findhap, AlphaImpute, and 
FImpute, as these rely on pedigree information. Alleles 
with low frequency were more difficult to impute, but 
this is hard to see when using the allele CR as a mea-
sure of accuracy. Therefore, the correlation coefficient 
is a better measure of imputation efficiency, as it better 
captures the difference between imputation accuracy 
and correct filling by chance than the CR.
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